The colorectal cancer is a major health problem worldwide. Histology is considered the gold standard for differential diagnosis. However, it depends on the observer's experience, which can lead to discrepancies and poor results. Spectroscopic imaging by Fourier transform infrared (FTIR) is a technique that may be able to improve the diagnosis, because it is based on biochemical differences of the structural constituents of tissue. Therefore, the main goal of this study was to explore the use of FTIR imaging technique in normal colon tissue, colorectal adenoma, and adenocarcinoma in order to correlate their morphological structures with their biochemical imaging. Methods: Samples were collected from normal (n = 4), adenoma (n = 4), and adenocarcinoma human colorectal tissue (n = 4) from patients undergoing colonoscopy or surgical resection of colon lesions. The samples were sectioned with a cryostat in sequential sections; the fi rst slice was placed on CaF 2 slide and the second slice was placed on glass slide for histological analysis (HE staining). The cluster analyses were performed by the software Cytospec (1.4.02)
Introduction
Colorectal cancer is a major public health problem and is the third most common type of cancer and the fourth leading cause of cancer death worldwide. Based on demographic trends of annual incidences, a substantial increase of approximately 80% (2.2 million new cases) is expected in the next two decades, especially in less developed regions with an expected percentage of 62% in these regions (Karsa et al., 2010) . According to the American Cancer Society, 102,480 new cases of colon cancer, 40,340 new cases of rectal cancer, and 50,830 deaths from these diseases were expected to occur in 2013 (American…, 2013) . Thus, the consensus is that the control of colorectal cancer is crucial and of global signifi cance, and it should be based on a balance between prevention, diagnosis, and treatment (Karsa et al., 2010) .
Overall, colorectal cancer is asymptomatic and is diagnosed late with the appearance of the fi rst symptoms. The main clinical manifestations consist of bleeding, pain, and changes in bowel habits. Thus, the preventative tracking is necessary, involving the removal of polyps or tumors, for early identifi cation, which could signifi cantly increase the chance of a cure (American…, 2011) .
Colorectal lesions usually present as polyps, defined as any tissue mass protruding into the intestine, and depending on their characteristics are classifi ed in non-neoplastic, adenomatous (adenoma), and adenocarcinoma. Non-neoplastic polyps could be a result of abnormal maturation of mucosa, infl ammation, or alteration of cellular architecture. Adenomatous polyps are premalignant lesions that may precede colorectal cancer (Torres et al., 2011) , thus their detection is very important for clinical diagnosis. Colorectal adenocarcinoma originates from epithelial cells that are able to infi ltrate into the Volume 31, Number 1, p. [10] [11] [12] [13] [14] [15] [16] [17] [18] 2015 underlying layers, submucosa, and muscle of colon and rectum (Petibois and Déléris, 2006) .
The diagnostic methods conventionally used for the detection of colorectal cancer are the examination of occult fecal blood, sigmoidoscopy, colonoscopy, barium enema with double contrast, digital rectal examination, and surgical biopsy for histopathological analysis. The latter is considered the gold standard to diagnose and classify the disease (Winawer, 2007) . Histopathological analysis consists of the evaluation of the collected material by staining and traditional histological techniques. However, traditional histological techniques present significant problems, which include undetected lesions and unsatisfactory levels of inter and intra-observer agreement (Bird et al., 2008; Kallenbach-Thieltges et al., 2013; Stone, 2004) . Thus, there is a need to develop new diagnostic technologies that are simple, objective, and sensitive (Fernandez et al., 2005) .
Currently, optical techniques have been studied to diagnosis cancer. They do not use an approach based on morphological changes, which is the principle of histopathological studies (Fernandez et al., 2005) . Automated optical analysis, based on the detection of biochemical alterations in tumor tissues is applied (Andrade et al., 2007) . Fourier transform infrared (FTIR) spectroscopy is one of optical techniques that can effectively provide information on the structure and biochemical composition of the tissue (Cohenford et al., 2012; Kallenbach-Thieltges et al., 2013; Krafft et al., 2008; Lasch et al., 2004 Lasch et al., , 2006 . Krafft et al. (2008) carried out a comparative study of Raman and FTIR imaging techniques in four tissue groups that make up the colon: muscle, connective, epithelial, and nerve cells. The images obtained by Raman and FTIR techniques identified the muscle, connective, and epithelial tissues, as well as nerve cells. Raman and FTIR images in hierarchical clustering showed coincidences, despite the fundamental differences between the techniques. According to the authors, the advantages of FTIR imaging were the lower acquisition time and the higher spectral quality, while the Raman technique allowed greater lateral and spectral resolution.
FTIR technique is based on direct absorption of light and thus analyzes the interaction of electromagnetic radiation with matter, determining the energy levels of atoms and molecules (Sala, 2008) . The method provides an absorption spectrum due to vibrations of chemical bonds of biochemical components, such as proteins, nucleic acids, carbohydrates, and lipids. The infrared absorption band of most molecules is in the spectral region between 400 and 4000 cm -1 , known as the fingerprint region of the molecule. In this region, small changes in the structure and constitution of a molecule result in significant changes in the form and distribution of spectrum absorption bands related to the structure of the molecule. FTIR spectroscopy has several advantages, including a high molecular sensitivity combined with a spatial resolution of a few micrometers, the analysis of samples without pretreatment, the ability to identify and discriminate healthy and tumor areas (Petibois and Déléris, 2006) . Furthermore, by avoiding the use of dyes or markers to obtain FTIR images, this technique has advantages over conventional histology (Bird et al., 2008) .
FTIR spectroscopy has been used as a supportive tool to histopathological techniques to differentiate of normal tissue changes and identify the stages of tumor development. By eliminating the subjectivity and ensuring greater accuracy of diagnosis, FTIR has established itself as an effective and reproducible technique (Bird et al., 2008; Colagar et al., 2011; Di Giambattista et al., 2011; Kallenbach-Thieltges et al., 2013; Mostaço-Guidolin and Bachmann, 2011; Piva et al., 2011) . Thus, combining the precision of FTIR technique with histopathology allows a more accurate diagnosis, which is independent of experience inter-observers (Bird et al., 2008; KallenbachThieltges et al., 2013; Lasch et al., 2006) .
In view of the large data set produced by FTIR imaging, the techniques of artificial neural networks are used (Artificial Neural Network -ANN) for supervised image analysis (Lasch et al., 2006; Udelhoven et al., 2000) .
The studies cited above demonstrate the need to perform a number of tests on colon samples by FTIR spectroscopy to obtain a more comprehensive database that enables identification of the various structures in the different analyzed tissues. Therefore, given the advantages of optical spectroscopy, their future relevance in the medical field, and the need to build a larger spectral database, this study aimed to apply the infrared spectroscopy technique for differential diagnosis of the normal colorectal tissue, adenomatous, and adenocarcinoma by histological correlation of these tissues with the corresponding biochemical images obtained by FTIR.
Methods

Sample preparation
This study followed the guidelines and regulatory standards for research involving human subjects according to Resolution 196/96 Nussloch, Germany) . This fixer at temperatures below -10 °C instantly solidifies around the sample without any interaction or invasion of the freezing medium within the sample, and consequently without interfering in the absorption bands of the compounds present in the tissue. The specimens were positioned for subsequent cutting into sequential sections of 12 μm. The first section of the cutting pair was positioned on a slide with an optical window made of calcium fluoride (CaF 2 ) for FTIR spectroscopic analysis, and the second section of the respective pair was placed on a common histological slide. This was stained, using standard protocol staining by hematoxylin and eosin (HE), and subsequently analyzed in order to identify and classify the structures present in samples of normal tissue, adenomatous, and adenocarcinoma.
Data collection by FTIR spectroscopy
The infrared images were collected in transmittance mode in four different regions of each sample, the total was 48 images. We used the microscope imaging Spotlight 400 (Perkin-Elmer) equipped with the MCT detector (Mercury Cadmium Telluride), operating at liquid nitrogen temperature and connected to a spectrometer (Spectrum 400 -Perkin-Elmer). The images were obtained in the range of 4000-900 cm -1 with 32 scans per pixel (pixel size 6.25 μm 2 ) and resolution of 4 cm -1
. After the FTIR measurements, the files were imported using Cytospec  software (version 1.4.02) to analyze the spectral matrix, which formed the infrared image.
Statistical analysis
The raw spectra of biochemical maps were imported by Cytospec  software and converted from transmittance spectra to absorbance spectra. Then, the spectral quality test was made, which consists of three steps: amount of water vapor, signal/noise ratio, and sample thickness (Cytospec, 2010; Lasch et al., 2006) .
After the quality test, the first derivative was calculated (Savitsky Golay algorithm with nine points of smoothing) to evidence the minimum differences between the spectra and remove noise interference. Additionally, a vector normalization was applied in the region of 4000 -900 cm -1 in all infrared spectra of the image.
First, biochemically different spectra regions were selected from the visual analysis. The selected regions were in accordance with the results of Lasch et al. (2006) and Krafft et al. (2008) , and were used to select the regions that possibly have higher spectral differences between groups. Then, these regions were tested statistically by Hierarchical Cluster Analysis -HCA, using the Cytospec  software. This software allowed the construction of a dendrogram to visualize the correct separation of the spectra, which reflect the different structures of the biological tissue. For the HCA analysis, the spectral distances were calculated by the Pearson linear correlation coefficient. The Pearson correlation coefficient is defined by measuring linear association between variables and is based on the covariance of the data. This covariance was measured by common variability of two variables (growth of both or growth of one and decrease of the other). After using the Pearson coefficient, the second part of the HCA was applied, the Ward's algorithm, to minimize the heterogeneity between the elements of each group, thus creating more homogeneous groups (Díaz and López, 2007) .
After the HCA analysis, it was possible to determine the regions with greater biochemical variations. In this study, two discriminant regions were selected -3000-2800 cm -1 , which is characteristic for vibrational modes of the CH 2 and CH 3 , assigned to lipids, proteins, and carbohydrates, and the region of 1450-950 cm -1 , called fingerprint, which has the spectral signature of each type of structure and/or tissue.
Hierarchical clustering analysis was applied again in order to mathematically reconstruct the infrared image, taking into account previously selected discriminant spectral regions. The result of this analysis represents the biochemical changes in the tissue, which could be seen by the different colors that constitute the biochemical map. After reconstruction of the biochemical images, we evaluated the efficiency of the FTIR technique to provide information on the tissue structures in order to distinguish and classify them. For this reason, we applied to all spectral data the supervised test Artificial Neural Networks -ANN by the routine NeuroDeveloper 2.5 (Synthon GmbH, Heidelberg, Germany) of CytoSpec  software. The NeuroDeveloper 2.5 routine combines modules for selecting spectral characteristics, development of neural models, and classification based on neural networks. A detailed description of this technique is found in the literature (Lasch et al., 2006; NeuroDeveloper, 2010; CytoSpec, 2010) . The use of neural network allowed the construction of a new image based on comparing the spectra obtained by FTIR with the database. A database of the spectral reference of the tissue structures, which were used as the trained spectra of neural network, made it possible to compare the trained spectra with the spectra obtained by FTIR imaging technique, with consequent classification thereof (Lasch et al., 2006) . The general strategy to analyze artificial neural networks in this study included the process of teaching and optimize the MLP model -multilayer perceptron, by the tests of classifiers with independent validation of the data set. Teaching and internal validation was carried out based on infrared spectra with known biochemical assignment, which was the spectra of samples of colon database. External validation (testing) of the classifiers was made by generating images of neural networks from the infrared spectra matrix. Thus, the classifiers were created from the database, while the model assessment was made by comparing the images of neural networks and equivalent photomicrographs of samples stained with H&E technique. For teaching spectra of colon database, they were primiraly preprocessed as described above. Then, the effective spectral resolution was reduced by a factor of 6 (averaging) and then 60-85 spectral characteristics were chosen by a covariance analysis procedure implemented in the NeuroDeveloper software package (Udelhoven et al., 2000) . In this work, we chose the neural network model MLP -feed-forward, which used three connected layers, where each input, hidden, and output layer was constituted by neurons. Teaching of neural network was performed using a resilient back-propagation (Rprop) algorithm (Riedmiller and Braun, 1993) . The number of neurons in the input layer corresponds to the length of the standard input, ranging between 60 and 85. In addition, the number of hidden neurons was generally defined as 4, and the number of output neurons is equal to the number of classes in MLP. In this study, a hierarchical system of neural networks was applied. The main advantage of this method is the ability to separately train and validate small and flexible neural network which can be combined afterwards to build up large modular systems of neural networks (Marques de Sá, 2001; Auda and Kamel, 1998) . Furthermore, the use of modular network specifically permitted the use of optimised combinations of spectral characteristics for each neural network module separately.
Several criteria were used when performed this comparison. The first criterion used was Winner Takes All -WTA which means that the classification depends on the highest output activation. A spectrum will only be classified if its output is greater than the defined minimum activation of the winner neuron and the minimum distance to the next activation. Otherwise, the classification will not be considered correct and the spectrum remains unclassified, represented in biochemical image by a black pixel. The second criterion was the activation 406040, which states that the activation of one neuron has to exceed 0.6 (default, above 60% of the activation range). All other activations of further classes have to be below 0.4 (below 40% percent of the activation range). Otherwise, the pattern remains unclassified. The latter criterion used the extrapolation, which is based on a distance value derived from the training and validation dataset to determine an extrapolation problem. The maximum distance of a standard to its corresponding class is calculated and set to 100. During the classification of a new standard by the neural network, the distance of the new standard is calculated and set into relation. For example, if the calculated extrapolation value of the class identified by the neural exceeds 100, an extrapolation occurs. This last criterion is of utmost importance when the validation data set does not contain all classes (NeuroDeveloper, 2010) . Additionally, the neural network allows determination of the percentage of the different structures that compose the tissue.
After statistical analysis, biochemical images obtained were qualitatively compared with the histological images. This procedure was carried out in two stages. The first stage consisted of visual comparison of the area analyzed by FTIR technique with its corresponding region in histological slide in order to validate the effectiveness of the technique in the identification of the major tissue structures. The second phase consisted of correlation of results, obtained from the neural network technique, with histopathological results for the purpose of proving the efficiency of the neural networks technique associated with infrared imaging for the diagnosis of colorectal cancer. These comparisons are presented in results and discussion sections.
Results
Figures 1, 2 and 3 illustrate the results of the analysis of tissue samples from normal colon, adenomas, and adenocarcinomas, respectively. In order to prove the correlation of the biochemical images reconstructed from the vibrational spectra with those of histological slides stained with H&E, histopathological analyzes were performed by the Department of Pathology of the Gastrocentro of the Universidade Estadual de Campinas. Figures 1(a) , 2(a), and 3(a) show the complex histoarchitecture of the colorectal tissue. The normal mucosa is shown in Figure 1(a) where it is possible to observe the cross-sectioned crypt (CR), composed of epithelial cells (EC), and the lamina propria (LP). Figures 1(b) and 1(c) show the sample in CaF 2 slides and their biochemical image obtained by FTIR imaging, respectively. The latter is used to generate the biochemical images shown in Figure 1(d) . This figure refers to the classification by neural networks, where each color was determined by the routine on Cytospec software and represents the different structure or region of the sample. Table 1 shows the correlation of morphological (Figures 1(a) and 1(b)) and biochemical data (Figure 1(d) ), which was obtained through the neural network computational routine by calculating the percentage of each type of structure or tissue present in the image. Table 1 shows that the structures of the carcinoma, necrosis, and lamina propria, respectively, 0.25%, 0.14%, and 1.98% of the analyzed area. This low percentage is justified by the fact that these structures are not characteristic of a normal tissue, and the fact that the small database available does not include all spectral variations of the tissue. This explains the absence of color in the biochemical image shown in Figure 1(d) . Approximately 13.07% of the spectra could not be identified by the neural network due to the small database that makes up the neural network for identifying the biochemical structures. However using information obtained through the histology, we can identify these structures in black as connective tissue, present in normal colorectal tissues. Other structures such as crypts and mucin, which are the morphological structures of this tissue, were correctly identified, corresponding to 62.46% and 22.1%, respectively. Table 2 refer to the classification by neural networks: the image was colored in five different colors. The predominant black color in this figure represents the spectra of constituents, which not present yet in the database, and therefore could not be classified (68.8%). The histological analysis classified this region as connective tissue. The second predominant region, in blue, was classified as carcinoma and represents 11.58% of the analyzed image. The red color represents the crypts (9.67%); dark green, mucin (3.99%); and the light yellow, lamina propria (5.95%).
Figure 3(a) shows the adenocarcinoma, which has typical morphological signs of malignancy, showing a disorganized architecture with tumor infiltrating the submucosa and atypical glands. These signals are characterized by atypical histoarchitecture, with several layers of cells, which show cell and nuclear pleomorphism and nuclear hipercromatism (PH). Figures 3(b) and 3(c) represent sample of the CaF 2 slices and their biochemical image obtained by FTIR imaging, respectively. The latter is used to generate the biochemical image represented in Figure 3(d) . Figure 3(d) and Table 3 presents results according to the neural networks classification. In this case, the image was colored in seven different shades, four being displayed: black, red, dark blue, and green. The predominant color (black) again represents the region where the vibrational spectra are not present in the database and therefore could not be identified (71.84%); the second predominant (59.54%) color (Blue) is the region identified as adenocarcinoma, confirmed by the sample stained with H&E.
Discussion
A large number of studies have been proposed for using the FTIR imaging technique in tissues, using multivariate methods such as principal component analysis (PCA) (Lasch and Naumann, 1998) and hierarchical cluster analysis (HCA) (Diem et al., 2000; Jackson et al., 1998; Schultz and Mantsch, 1998) , K-means cluster analysis (KM), fuzzy C-means clustering analysis (FCM) (Mansfield et al., 1997; Zhang et al., 2003) , and linear discriminant analysis (LDA) (Mansfield et al., 1999) . However, more recently the artificial neural networks analysis (ANN) has emerged as a new effective methodology to analyze biochemical images (Lasch and Naumann, 1998; Lasch et al., 2002) , because it offers more precise information about the biochemical structures that compose the tissue and thus distinguish them.
Because the use of neural network analysis is recent, to our knowledge there are few studies in the literature that have used it as a method to differentiate colon tissue in humans (Argov, 2002; KallenbachThieltges et al., 2013; Lasch et al., 2004 Lasch et al., , 2006 Piva et al., 2011) and rats (Cohenford et al., 2012) . Argov (2002) conducted the first study using the FTIR technique and neural network analysis in colon tissues. The authors used biological markers derived of the spectrum to differentiate the types of the tissue, such as phosphatase and DNA/RNA of pathological normal tissue, adenomatous polyps, and carcinoma. The results showed that the biological markers used did not differentiate adenomatous polyp of adenocarcinomas. However, when these authors used a combination of wavelet features and the neural network analysis, they were able to classify different cells in a particular sample, such as normal cells, cells derived from adenomatous polyp or malignant cells, with a successful classification percentage of 89%, 81%, and 83%, respectively. These authors suggest that the neural network analysis of spectra from different cells can be a powerful tool to diagnosis the pre-malignant neoplasia stage. Lasch et al. (2004) conducted a comparative study among three multivariate analyses applied to the infrared images from colon tissue. The selected statistical methods were hierarchical cluster analysis, fuzzy C-means cluster analysis, and K-means cluster analysis. In this study, the authors concluded that the data pre-processing can dramatically influence on the quality of the images, and the results showed the great capacity of the FTIR technique associated with statistical methods for evaluation and diagnosis of colon tissues. In addition, the hierarchical cluster analysis proved to be the best method to differentiate the tissue structures. Lasch et al. (2006) also applied the neural networks technique as a supervised technique with the aim of obtaining biochemical images from the spectral matrix of the colorectal adenocarcinoma samples and correlated them to the histological samples. The database in that study was composed by spectra from 28 patient samples and 12 different histological structures. The authors observed that the definition of the neural network topology was crucial to achieve a high correlation between histopathological analysis and infrared spectroscopy. As in the present study, our results showed that the use of hierarchical cluster analysis technique in the early stages of model generation for the neural networks was more efficient compared to the spectral classification of the samples. Piva et al. (2011) used the theoretical knowledge of first principles molecular dynamics and statistical methods to interpret and understand the infrared absorption (vibrational) and Raman scattering. They could be used in combination with purely experimental studies to generate infrared and Raman images of biomolecules, fluids, cells, and both healthy and diseased tissue.
Still, more studies are needed to prove the potential of using the FTIR imaging technique associated with statistical analysis to classify and diagnose colon tissues. For this aim, first, we performed the visual correlation of the structures that match in both the histological slide and biochemical images reconstructed by CytoSpec  software, which can be observed at the Figures 1(a, d) ; 2(a, d), and 3(a, d) and in the Tables 1, 2, and 3. In line with the observations from the histological sections, the images analyzed by neural networks showed increasing percentage of areas identified as carcinoma -0.25%, 11.58%, and 59.54% for the normal samples, moderate dysplasia, and adenocarcinoma samples, respectively. Identification of the tumor region in the normal samples and in moderate dysplasia samples, although in low percentage, may be related to the lack of spectral information in Cytospec  software database representing all the biochemical changes in normal tissue and dysplasia, respectively. However, when the spectra of the characteristic morphological structures are already present in the software routine, they can be correctly identified, for example, crypts and mucin. Furthermore, in samples with dysplasia, tissue heterogeneity is higher than in normal tissue, which may induce minor spectral changes that are not yet present in the software database. Therefore, for correct identification of all morphological structures, it is essential to have a robust spectral database, to cover all possible alterations in colorectal tissues. The increase of the percentage of the area with carcinoma in Figure 3 is consistent with the histological report, which shows a disorganized architecture with tumor infiltrating the submucosa and atypical glands, and a decrease in intracellular mucin with loss of differentiation in columnar and goblet cells.
In terms of morphological structures such as mucins and crypts, the similarity of histological and biochemical images could be observed in Figure 1 , showing that the spectral database is able to identify these structures. Figures 2 and 3 show that when the tissue undergoes alterations, its organized histoarchitecture is lost; however, it is still possible to correlate biochemical images of the some structures, which are situated in the unchanged regions, for example, some crypts and mucins. This disorder is highly evident in adenocarcinoma tissue, thereby decreasing the percentage of the identified crypts structures. In both samples, the percentage of unidentified regions is higher than in normal tissues. This may be related to the process of biochemical changes that are more evident in the case of dysplasia, and to a lesser extent in the tissue that has developed adenocarcinoma.
Divergence of the results presented by the analysis techniques H&E and FTIR imaging could be related to the number of data stored in the NeuroDeveloper software, which compose the neural network. Therefore, it is necessary to make a more robust database, extending it by including new sample data. In addition, further study is necessary of vibrational modes that make up the different types of tissue, focusing on their biochemical variations, which can lead to faster and more accurate diagnosis. However, in general, there is a relatively high correlation between the gold standard histopathology and spectral diagnostics in all samples.
The combination of the spectroscopic imaging with image analysis digital techniques is considered as a relatively new tool for characterizing tissues, allowing the differentiation of normal and abnormal tissues. Preliminary results of this study validate the technique of infrared spectroscopy in the differential diagnosis between the normal, adenomatous, and adenocarcinoma colorectal tissues. These results also demonstrate the great potential for use of FTIR imaging to identify and classify histological structures, and detect biochemical and morphological changes, occurring in the tissues, thus showing it to be a promising technique for use in routine clinical practice.
